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In this paper, making use of recent statistical physics techniques and models, we address the specific role of
randomness in financial markets, both at the micro and the macro level. In particular, we review some recent
results obtained about the effectiveness of random strategies of investment, compared with some of the most
used trading strategies for forecasting the behavior of real financial indexes. We also push forward our analysis
by means of a Self-Organized Criticality model, able to simulate financial avalanches in trading communities
with different network topologies, where a Pareto-like power law behavior of wealth spontaneously emerges. In
this context, we present new findings and suggestions for policies based on the effects that random strategies
can have in terms of reduction of dangerous financial extreme events, i.e. bubbles and crashes.
Keywords: random strategies, econophysics, behavioral finance, expectations, nonlinear dynamics, financial
markets
1. Introduction
In the last decades physics and in particular statistical mechanics have influenced in a significant
way other fields. Economics, financial markets and social sciences are just a few examples [1–9].
On the other hand, the idea that natural sciences and physics can provide useful tools for deeper
analysis and more analytic results is not a novelty in the economics literature, as Marshall re-
called in 1885: At last the speculations of biology made a great stride forwards: its discoveries
fascinated the attention of all men as those of physics had done in earlier years. The moral and
historical sciences of the day have in consequence changed their tone, and Economics has shared
in the general movement. [10].
The aggregate macroeconomic scenario, with its complex interaction between agents and insti-
tutions, has been studied and described by several points of view. In particular, as a matter of
methodology, one of the most challenging questions is whether to consider the aggregate system
either as a simple sum of single individuals (with their singular properties whose collective in-
teraction would then represent a sort of average of them), or as an emergent organism with its
own properties, synchronization, herding, and asymmetric volatile aggregate behaviors, whose
qualitative characteristics are very different from the simple sum of individual behaviors.
Such a consciousness questions the possibility of predicting the future values of variables in eco-
nomics, especially in financial markets. Economic systems are influenced by expectations, both
present and past: many feedback-influenced systems operate and agents’ expectations are self-
fulfilled and determine the future dynamics. This inspired much attention to the mechanisms of
beliefs formation: Simon [11] underlined that agents’ decisions are based on limited knowledge
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and thus they have to pay high costs to buy information. This create a bounded rationality frame-
work for decision making. In contrast to this view, the definition of perfectly rational agents,
implies that the behavior of agents can be described presuming their full rationality, since the
market clearing mechanism would immediately drive out non-rational agents [12]. What appears
here is a dichotomy that is deeply rooted within the epistemological debate, very well known in
the economic literature, between methodological individualism and aggregate analysis, i.e. the
problem of the micro-foundation of macroeconomics. From this perspective, a multidisciplinary
approach may greatly help: the adoption of powerful techniques from statistical physics and
the use of agent-based models simulations in studying socio-economic phenomena may lead to
innovative and robust results.
In this paper we follow this line of research, taking inspiration from useful analogies with physical
phenomena where noise plays an important role. Actually, noise and randomness are very famil-
iar to physicists. In experiments one usually tries to avoid the effect of both of them, since they
can perturb the phenomenon under investigation and mask the laws under scrutiny. However,
it is well known that quite often, in particular if present in a limited amount, they can have an
important and constructive role which physicists have realized for a long time.
The use of random numbers to calculate in a quick and efficient way complicated integrals or
simulate the behavior of a complicated detector (the so called Monte Carlo algorithm) was intro-
duced by Ulam, Von Neumann and Metropolis [13] in Los Alamos during the second world war,
when they were working for the ”Manhattan project”. Since then, it has been refined to become
a fundamental tool for experimental and theoretical physics, being nowadays a scientific topic
in itself [14]. In the 80’s, investigating climate dynamics, a very interesting phenomenon called
”stochastic resonance”, where stochastic fluctuations play a significant role, was discovered by
several authors [15, 16]. They realized that random noise can amplify a weak period forcing,
giving rise to a resonance able to explain the observed stable periodic climate oscillations. This
mechanism has been proven to be very general and it has found many successful applications
in a large variety of physical systems both at the classical and quantum level (see ref. [17] for a
review).
But physical phenomena are not the only ones that can benefit from noise and randomness:
in fact, it is assumed that the noise produced by the random action of many elementary con-
stituents or by the environment, has also a great influence in the complex dynamics of living
cells, of neurons and of many other biological systems [18–21]. It is then very likely that many
other dynamical systems, including socio-economic organizations, could share a similar situation.
In recent years, many physicists have started to investigate the complex dynamics of several phe-
nomena beyond the field of physics. In this respect, new disciplines, namely Econophysics [1–5]
and Sociophysics [6–9], have been developed pushing forward the availability of more advanced
analytical and statistical tools from physics to socio-economic analysis.
Along this line of research, the role of stochastic noise and, more specifically, that of random
strategies in several socio-economic applications, have been investigated to try to understand
their eventual positive and constructive features. For example, it has been studied how random
strategies of promotions can help to face the problems raised by the so-called Peter principle
in hierarchical organizations [22–24] or how randomly selected legislators may improve the effi-
ciency of a public institution like a Parliament [25]. Other groups have successfully explored the
success of similar stochastic strategies also in minority and Parrondo games [26].
In this respect, it seems of particular interest the investigation of the role of random strategies
in financial markets. In 2001 the English psychologist R. Wiseman explored the potentiality of
random investments in a famous experiment, where a five-year old child, playing at random with
shares of the London Stock Exchange, managed to contain losses better than a financial trader
and an astrologist during one year of turbulent market behaviour [27]. Similar results were ob-
tained also in other studies, by exploiting dartboard or monkeys [28, 29]. Stimulated by these
findings, in the last years we started to investigate in detail the efficiency of random trading
with respect to standard technical strategies, both from an individual point of view [30, 31] and
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from a collective perspective [32], making use of statistical analysis and agent based simulations.
In this paper we will review these results, presenting also new intriguing and original findings.
The paper is organized as follows. In Section 2 we present a brief overview of micro and macro
level approaches in Economics, with reference to the debate between the individualistic approach
of perfectly informed rational agents, linked to the Efficient Market Hypothesis and the aggre-
gate view of the collective approach, linked to the Keynesian tradition. Section 3 reviews results
about micro-level investigations of the effectiveness of random strategies against technical analy-
sis, while Section 4 extends the analysis to the macro-level and explores the role of randomness in
reducing financial crises, represented as avalanches in a social system that self-organizes in a crit-
ical state. In particular, we consider large trading communities with different network topologies,
and we study how the adopted trading strategies influence both the propagation of information
and the personal wealth of the investors. Finally, some suggestions about possible convenient
policies for the stabilization of financial markets will be illustrated in section 5 together with
conclusive remarks.
2. Micro and Macro Approaches in Economics
Quite often, the argument of the predictive capacity of economic crises rises to question the
ability of economists to contribute to science. Prediction needs natural laws, in the sense of laws
of nature, that can be tested unambiguously in time, under controlled conditions. Economic sys-
tems cannot correspond to this framework, since they depend on people who base their choices
and behaviors on personal opinions, tastes, attitudes, maybe emotions, which are not necessarily
replicable, even in identical surrounding scenarios. Those approaches that consider agents as
a set of replicas and pursue the analysis of macroeconomic problems starting from the simple
sum of deterministic laws valid for single individuals, present, in our opinion, several descriptive
limits. In a microeconomic context, the perfect rationality as the expression of the maximization
of the interest of each acting agent, can be satisfactory since every person may have whichever
goal and may try to reach it; on the contrary, from a macroeconomic (aggregate) point of view,
the composition of society becomes a new identity which cannot be successfully described by
the same set of instruments.
The marginal approach focused on individual analysis and established individual foundations of
the economic behavior. This is the core element of the neo-classical school, so called in order
to qualify it as descendant from the Fathers of Economic Thought - namely Smith, Ricardo,
Malthus, whose philosophical investigation was always referred to the socio-institutional con-
text [33–35]. Economists such as Marshall, Edgeworth, Jevons, Walras, Bohm-Bawerk, Menger,
Fisher, and Pareto (just to mention a few) built in their contributions [36–43] the microeconomic
framework that characterizes the rational individual agent who participates to markets.
With the Keynesian revolution [44], for the first time, collective behaviors assumed a completely
renewed role, with a well-defined relevance in influencing the dynamics of the entire economy.
This approach, on one hand, abandons the chance to describe exactly what one agent would do
by means of her presumed infallible rationality. On the other hand, it looks at the social inter-
action mechanism, somehow linking to Marxian social classes, not in the sense of contraposition
yet, but (now) from a viewpoint of different social groups, with different roles and objectives
(such as entrepreneurs and workers). Even without participating in the philosophical debate
about micro- or macro-foundations of macroeconomic analysis, one can nonetheless understand
the methodological difference between these two approaches. The key-point is that, differently
from the microeconomic point of view, the macroeconomic perspective reveals the existence of
emergent qualitative phenomena, generated unavoidably by the interaction among individual
agents, whose compliance with the microeconomic point of view is not granted.
Such a methodological issue influences the way each market participant forms expectations for
future values of variables and thus implies a feedback mechanism which operates in turn on the
markets again. Especially for financial markets, it is true that the microeconomic perspective of
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the single investor is truly different from the aggregate market behavior, which does not respond
to any individual motive, leaving aside any possibility to infer without uncertainty the future
evolution.
In summary, there exist two reference models of expectations in the economic literature, namely
the adaptive expectations model and the rational expectation model. The former is founded on
a somehow weighted average of past values and observational errors may result in repeatedly
mistaken predictions. Instead, the latter assumes that all agents know perfectly all the available
information and the model that describes the economy, therefore no systematic mistakes are
possible. These approaches have been introduced in, inter alia, Arrow and Nerlove [45], Fried-
man [12, 46], Phelps [47] and Cagan [48] (for adaptive expectations), and Muth [49], Lucas
[50] and Sargent-Wallace [51] (for rational expectations). The recent Nobel Laureate Fama [52]
defined financial efficiency depending on the existence of perfect arbitrage: the author suggests
three forms of market efficiency - namely “weak”, “semi-strong”, and “strong” - according to
the degree of completeness of the informative set. Inefficiency would then imply the existence
of opportunities for unexploited profits that traders would immediately try to exploit. Other
authors, such as Jensen [53] and Malkiel [54], also link the efficiency of the available information
to the determination of assets’ prices. Then, financial markets participants continuously seek to
expand their informative set to choose the best strategy and this results in extreme variability
and high volatility.
The so-called Efficient Market Hypothesis (whose main theoretical background is the theory of
rational expectations), describes the case of perfectly competitive markets and perfectly rational
agents, endowed with all available information, who choose the best strategies (since otherwise
the competitive clearing mechanism would put them out of the market). There is, however, evi-
dence that this interpretation of a fully working perfect arbitrage mechanism, without systematic
forecasting errors, is not adequate to analyze financial markets: Cutleret al. [55], Engle [56], Man-
delbrot [57, 58], Lux [59], and Mantegna and Stanley [1] just to mention some examples. The
reason is quite intuitive: the hypothesis that information is available for everybody is not real.
And it is not real even if in its semi-strong or weak versions. Many heterogeneous agent models
have been introduced in the field of financial literature in order to describe what happens in true
markets with different types of traders, each with different expectations, influencing each other
by means of the consequences of their behaviors (some examples are: Brock [60, 61], Brock and
Hommes [62], Chiarella [63], Chiarella and He [64], DeGrauwe et al. [65], Frankel and Froot [66],
Lux [67], Wang [68], and Zeeman[69]). This approach, namely the “adaptive belief systems”,
tries to apply non-linearity and noise to financial market models in order to represent the highly
complex behavior of markets. In this respect, it favors an interdisciplinary approach, based on
statistical physics techniques and economic analysis, which - as we will show in the following -
can lead to major advances.
3. Profitability of random investments at a micro level
In this section we explore the effectiveness of random investments from the point of view of
the single trader (micro level), leaving the analysis of the emergent collective behavior of many
interacting traders (macro level) to the next section. Thus, we consider here only three non
interacting agents Ai (i = 1, 2, 3), which invest daily, for a long time period, in two stock
markets by adopting different trading strategies. Our simulations will tell us which strategy is
more profitable, both over long and short periods.
3.1. Details about the Stock Markets considered
We address two important financial markets: a European one, i.e. the Italian national stock
exchange, and the US stock market. In particular, we consider the two following financial indexes:
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Figure 1. Top panels: FTSE MIB All-Share index (from December, 31th 1997 to June, 29th 2012, for a total of T = 3684
days) and the corresponding series of returns. Bottom panels: S&P 500 index (from September, 11th 1989 to June, 29th
2012, for a total of T = 5750 days) and the corresponding series of returns. See text for more details.
(a) the FTSE MIB All-Share index, consisting of the 40 most-traded stock classes on the Milano
exchange; (b) the S&P 500 index, based on the market capitalizations of 500 large companies
having common stock listed on the NYSE or NASDAQ.
In Fig.1 we show the time behavior of the FTSE MIB index, for a period T of 3684 days, and that
of the S&P 500 index, for a period T of 5750 days, together with their corresponding ’returns’
time series. Calling Fj the j-th daily value of a given financial index, the returns are defined
as the ratio (Fj+1 − Fj)/Fj (with j = 1, ..., T ) and their importance is due to the fact that the
standard deviation of the returns in a given time window represents the volatility of the market
in that period, i.e. an indicator of what can be qualitatively called the ’turbulent status’ of the
market. In this respect, the level of volatility clearly influences the possibility of forecasting the
market behavior, since it is related to the degree of correlations existing in the financial series
[1, 70, 71].
An effective way to estimate the presence of correlations in a given time series is the calculation of
the time-dependent Hurst exponent through the so called ’detrending moving average’ (DMA)
technique [72]. The DMA algorithm is based on the computation of the following standard
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Figure 2. Detrended analysis for the two financial market series shown in Fig.1. Left column: the power law behavior of the
DMA standard deviation shows an Hurst index oscillating about 0.5, thus indicating, on average, an absence of correlations
over a large time period. Right column: time dependence of the Hurst index for the two series: on smaller time scales,
significant correlations emerges. See text for more details.
deviation σDMA(n) as function of the size n of a time window moving along a financial series F
of length T :
σDMA(n) =
√√√√ 1
T − n
T∑
j=n
[Fj − F˜j(n)]2, (1)
where F˜j(n) =
1
n
∑n−1
k=0 Fj−k is the average calculated in each time window of size n, while n is
allowed to increase in the interval [2, T/2]. In general, the function σDMA(n) exhibits a power-
law behavior with an exponent H which is precisely the Hurst index of the time series F : if
0 ≤ H ≤ 0.5, one has a negative correlation or anti-persistent behavior, while if 0.5 ≤ H ≤ 1
one has a positive correlation or persistent behavior. The case of H = 0.5 corresponds to an
uncorrelated Brownian process.
In the left column of Fig.2 we show two log-log plots of the σDMA(n), calculated over the complete
FTSE MIB and the S&P 500 time series (gray circles), together with the corresponding power law
fits y ∝ nH (dashed lines): in both cases one observes a Hurst index very close to 0.5, indicating
an absence of correlations on a large time scale. On the other hand, calculating the local value
of the Hurst exponent day by day along the time series, significant oscillations around 0.5 seem
to emerge. This is shown in the right column of Fig.2, where two sequences of Hurst exponent
values H(j) (solid lines) are obtained as function of time by considering subsets of the complete
FTSE MIB and the S&P 500 series through sliding windows Ws of size Ts, moving along the
series with a time step s: at each day j ∈ [0, T − s], we calculate the function σDMA(n) inside
the sliding window Ws by substituting T with Ts in Eq.1, and we compute the corresponding
value for H(j) (in Fig.2 we fixed Ts = 1000 and s = 20). Taken together, these results seem
to suggest that correlations are important only on a local temporal scale, while they cancel out
when averaging over long-term periods. As we will see in the following, this feature will affect
the performances of the trading strategies considered.
3.2. Trading strategies and simulations results
Of course, the task of our three virtual traders has been very simplified with respect to reality.
Actually, for both the time series considered, they have just to predict, day by day, the upward
(’bullish’) or downward (’bearish’) movement of the index Fj+1 on a given day with respect
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Figure 3. Results for the FTSE-MIB All-Share index series, divided into an increasing number of trading-windows of
equal size (3, 9, 18, 30), simulating different time scales. From top to bottom, we report the volatility of the time series,
the percentages of wins for the three strategies over all the windows and the corresponding standard deviations. The last
two quantities are averaged over 10 different runs (events) inside each window. It clearly appears that the random strategy
shows, in comparison with the other strategies, a similar average performance in terms of wins, but with smaller fluctuations.
See text for further details.
to the closing value Fj one day before: if the prediction is correct, we will say that they win,
otherwise that they lose. In this regard, we assume that they perfectly know the past history of
the indexes, but do not possess any other information and cannot either exert nor receive any
influence from the market or from the other traders. At the end of the game, we shall be only
interested in comparing the percentage of wins of all the traders, which of course will depend on
the strategy of investment they adopted.
The three possible strategies, each one chosen by a given trader, are the following:
1) Random (RND) Strategy
It is the simplest one, since the corresponding trader makes her ’bullish’ (index increases) or
’bearish’ (index decreases) prediction at the day j, for the next day j+ 1, completely at random
(just tossing a coin).
2) Momentum (MOM) Strategy
It is a technical strategy based on the so called ’momentum’ M(j), i.e. the difference between
the value Fj and the value Fj−∆jM , where ∆jM is a given trading interval (in days). Then, if
M(j) = Fj − Fj−∆jM > 0, the trader predicts an increase of the closing index for the next day
(i.e. it predicts that Fj+1 − Fj > 0) and vice-versa. In the following simulations we consider
∆jM = 7 days, since this is one of the most used time lags for the momentum indicator. See
Ref. [73].
3) Relative Strength Index (RSI) Strategy
This is also a technical strategy, but it is based on a more complex indicator, called ’RSI’, which is
a measure of the stock’s recent trading strength. Its definition is: RSI(j) = 100−100/[1+RS(j)],
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Figure 4. Results for the S&P 500 index series, divided into an increasing number of trading-windows of equal size
(3, 9, 18, 30), simulating different time scales. From top to bottom, we report the volatility of the time series, the per-
centages of wins for the three strategies over all the windows and the corresponding standard deviations. The last two
quantities are averaged over 10 different runs (events) inside each window. As in Fig.3, the random strategy shows a good
average performance and smaller fluctuations.See text for further details.
where RS(j,∆jRSI) is the ratio between the sum of the positive returns and the sum of the
negative returns occurred during the last ∆jRSI days before t. Once the RSI index, for all the
days included in a given time-window of length TRSI immediately preceding the day j, has
been calculated, the trader who follows the RSI strategy makes her prediction on the basis
of a possible reversal of the market trend, revealed by the so called ’divergence’ between the
original series and the new RSI one. In our simplified model, the presence of such a divergence
translates into a change in the prediction of the sign of the difference Fj+1 − Fj , depending
on the ’bullish or ’bearish’ trend of the previous TRSI days. In the following simulations we
choose ∆jRSI = TRSI = 14 days, since - again - this value is one of the most commonly used in
RSI-based actual trading. See Ref. [73].
In order to test the performance of the previous strategies, we divide each one of the two
time series (FTSE MIB and S&P 500) into a sequence of Nw trading windows of equal size
Tw = T/Nw (in days) and we evaluate the average percentage of wins (with the corresponding
standard deviation) of the three traders inside each window while they move along the series day
by day, from j = 0 to j = T . This procedure seems advisable since, as we have seen in Fig.1, the
volatility of both the financial series considered fluctuates significantly and, as also shown in the
previous subsection, the presence of short-term correlations could induce a different behavior of
the various strategies at different time scales.
In Fig.3 and Fig.4 we show the simulation results obtained for both the FTSE MIB and
S&P 500 series. For four increasing values of Nw, equal to 3, 9, 18 and 30 windows respectively
(corresponding to time periods Tw going from about 5 years to about 6 months), we report (i)
the volatility of the returns calculated inside each window, (ii) the average percentages of wins
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Figure 5. The percentage of wins of the different strategies inside each time window - averaged over 10 different events -
is reported, in the case Nw = 30, for the two markets considered. As visible, the performances of the three strategies (from
top to down: RND, MOM and RSI) can be very different one from the others inside a single time window, but averaging
over the whole series these differences tend to disappear and one recovers the common 50% outcome shown in the previous
figures. See text for further details.
of the three traders calculated over all the trading windows and (iii) the corresponding standard
deviations. The quantities (ii) and (iii) are further averaged over 10 different simulation runs.
The results for the two time series lead to the same conclusions: on one hand, the long-term
average performances of the three strategies in terms of percentage of wins are comparable and
restricted in a narrow band just around 50%, on the other hand the stability of the random
strategy seems always higher than the stability of the technical ones. These global features
emerge from the local time behavior of the three traders, which can be better appreciated by
plotting their percentage of wins inside each window for the case Nw = 30, as shown in Fig.5 for
the two time series. Here we see that, on a small time scale, a given strategy may perform much
better or worse than the others (probably just by chance, as suggested by Taleb [74]), but the
global performances of the three strategies (already presented in the previous figures and here
indicated by a dashed line) are very similar and near to 50%. In the same figure we can also
better see how the fluctuations of the random strategy around the average remain always smaller
than those of the other strategies, meaning that, from the point of view of a single trader, the
random strategy is less risky than the standard trading ones.
But what would happen if we now imagine to extend the adoption of the random strategy to a
larger community of interacting traders investing in a financial market?
This will be addressed in the next section.
4. Macro effects of random strategies on financial markets stability
It is well known that financial markets often experience extreme events, like “bubbles” and
“crashes”, due to positive feedback effects which induce sudden drops or rises in prices, in contrast
with the negative feedback mechanism leading to an equilibrium price under normal market
circumstances [75, 76]. The positive feedback dynamics is strictly related to the presence of
avalanches of investments, due to the tendency of human beings to orient themselves following
decisions and behaviors of others (the so called “herding” effect), particularly in situations where
it is not clear what is the right thing to do [77]. Actually, such conditions are typical for financial
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Figure 6. An example of small-world 2D network with N = 400 traders, smaller but similar to that one used in our
numerical simulations (where we consider N = 1600 agents). Different colors indicate the different values of information
possessed by the various agents at the beginning of the simulation. See text for further details.
markets, in particular during volatile periods. Remarkably, in this context, bubbles and crashes
may reach any size and their probability distribution follows a power law behavior [1, 58, 78–84].
In this section we show that, assuming information cascades between agents [85] as the underlying
mechanism of financial avalanches, it is possible to obtain a power law distribution of bubbles
and crashes through a self-organizing criticality (SOC) model implemented on a given network
of technical traders investing in a financial market. Moreover, we also show that it is possible to
considerably reduce the maximum size of these avalanches by introducing a certain percentage
of traders who adopt a random investment strategy.
Our model is inspired by the SOC phenomenon observed in many physical, biological and social
systems [86], and, in particular, in the Olami-Feder-Christensen (OFC) model [87, 88] that has
been proposed to study earthquakes dynamics [81, 89]. In our implementation, we identify the
OFC earthquakes with the herding avalanches of investments observed in financial markets,
therefore we called our model the “Financial Quakes” (FQ) model.
4.1. FQ model on a Small-World 2D lattice
Let us consider a small-world (SW) undirected network of interacting traders (agents) Ai (i =
1, 2, ..., N), obtained from a regular 2D lattice (with open boundary conditions) by means of a
rewiring procedure (with a rewiring probability p = 0.02) which transforms short range links
into long range ones [90], thus preserving the clustering properties of the network and its average
degree, i.e. the average number of nearest neighbors of each node (see Fig.6). In the following
we consider a total of N = 1600 agents, with an average degree < k >= 4. As in the previous
section, each agent may invest in a given market by using a given trading strategy. Again, the
traders may bet their money trying to guess the bullish or bearish daily behavior of the FTSE
MIB or of the S&P 500 indexes. However, the presence of mutual interactions does impose several
updates to the old investment mechanism, which now has to be able to take into account the
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Figure 7. (a) An example of time series of “financial quakes” for a SW network of traders investing in a given stock market
(bottom panel). Both positive cascades (“bubbles”) and negative avalanches (“crashes”) are visible. (b-e) Time evolution of
a single financial quake in the small-world network: starting from a single active trader (b), the herding-activated avalanche
(in white) rapidly reaches different part of the network (c-d-e), helped by the presence of long range connections. See text
for further details.
possibility of herding effects.
For this purpose, we have imagined that, at each simulation time t, all the agents have a certain
quantity of information Ii(t) about the market considered. Initially, at t = 0, it assumes a random
value in the interval (0, Ith), where Ith = 1.0 is an arbitrary threshold equal for all the traders.
When the simulation starts, i.e. for t > 0, information may change due to the following two
mechanisms.
- The first one is a global one: due to external public information sources, all the variables Ii(t)
are simultaneously increased by a quantity δIi, different for every agent and randomly extracted
within the interval [0, (Ith− Imax(t))], where Imax(t) = max{Ii(t)} is the maximum value of the
agents’ information at time t. If, at a given time step t∗, the information Ik(t∗) of one or more
agents {Ak}k=1,...,K exceeds the threshold value Ith, these agents become “active” and take the
decision of investing, i.e. they bet on the behavior of a given financial index value Fj compared
to that one of the day before Fj−1.
- The second one is a local one and depends on the topology of the network: as they invest on the
market, all the active traders {Ak}k=1,...,K will also share their information with their neighbors
according the following herding mechanism inspired by the stress propagation in the OFC model
for earthquakes:
Ik > Ith ⇒
{
Ik → 0,
Inn → Inn + αNnn Ik
(2)
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Figure 8. Distributions of the absolute values of the size of herding avalanches occurring in the small-world (SW) community
of investors, with and without random traders, for both the FTSE MIB index (top panel) and the S&P 500 index (bottom
panel). Each curve has been cumulated over 10 different events. In the absence of random traders, i.e. with only RSI traders
(circles), the distributions follow a well defined power law behavior. On the other hand, increasing the amount of random
traders, in particular with percentages of 5% (squares) and 10% (triangles), the distributions tend to become exponential.
See text for further details.
where “nn” denotes the set of nearest-neighbors of the agent Ak and Nnn is the number of her
direct neighbors. Of course, the neighbors that, after receiving this surplus of local information,
exceed their threshold, become active too and will invest imitating the investment of agent Ak.
In turn, they will also transfer their information to their neighbors thus activating a positive
feedback process which could be able to generate an avalanche of identical investments, i.e. what
we call a financial quake.
The parameter α in Eq.2 controls the level of dissipation of the information during the dynamics
(α = 1 means no dissipation) and it is fundamental in order to drive the system in a SOC-like
critical state. In analogy with the OFC model on a SW network [88, 90] we set here α = 0.84,
i.e. we consider some loss of information during the herding process. This value ensures the
emergence of avalanches that can reach any size s, as shown in Fig.7. Let us explain in detail
what we plot in this figure.
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In the bottom panels of the figure we show, from left to right (b-e), a sequence of four snapshots
reproducing the time evolution of a financial quake. In the snapshot (b) we see that, at a given
simulation time t∗, a certain agent Ak, situated in the right part of the network and colored
in white, overcomes her information threshold and gives rise to the avalanche. In this example
we consider only technical traders, i.e. all the agents adopt the RSI strategy introduced in the
previous section (this also means that, if K > 1, i.e. if more than one trader initially overcomes
the threshold, all of them will make the same prediction about the market). Following this
strategy, the agent Ak will make her prediction Pj (positive or negative) about the sign of the
difference (Fj − Fj−1) of a given financial index at day j (note that the daily index j of the
financial series does not coincide, here, with the simulation time t but it is updated at the
beginning of every financial quake). Then, following the herding rule (2), the same agent will
transfer her information to her neighbors, some of which will, in turn, overcome their threshold
and will invest simultaneously adopting the same prediction Pj of the first agent, as visible in
snapshot (b). This process goes on iteratively (see snapshots (c) and (d)) until there are no more
active agents in the system (i.e. when Ii < Ith ∀i). Then, the financial quake is over and the
prediction Pj is finally compared with the sign of (Fj − Fj−1) in the time series: if they are in
agreement, all the agents who have contributed to the avalanche win, otherwise they lose. In
the former case the size sj of the quake j-th (i.e. the total number of agents involved in that
quake) will have a positive sign (bubble), in the latter a negative one (crash). The time sequence
{sj}j=1,...,T of these financial quake sizes during a single simulation run is plotted in the top panel
(a) of Fig.7: it is evident that, after a short transient, the system rapidly reaches a critical-like
state where bubbles and crashes of any size are observed. In fact, the log-log distribution of the
absolute value of the avalanches’ size results to be a power law for both the FTSE MIB and the
S&P 500 time series, as shown in the next figure.
In Fig.8 we report the probability distribution PN (s) of the absolute value of the size of the
financial quakes, cumulated over 10 events, for the FTSE MIB (top panel) and S&P 500 (bottom
panel) financial series. When only RSI traders are present, as in the case we are addressing now,
a well defined power law behavior is observed for both the series (circles), as demonstrated by the
corresponding fits (solid lines) with exponents, respectively, −2.06 and −1.87. In the same figure
we also report how these distributions are affected by the introduction, in the SW network, of
an increasing percentage PRND of random traders, uniformly distributed among the N = 1600
RSI agents. However, this case needs further clarifications.
The main point to take into account in order to understand the effect of random trading in
a community of technical investors is that, in contrast to RSI ones, random traders (i) are
not activated by their neighbors, precisely because they invest at random, and (ii) they do
not activate their neighbors, since a random trader has no specific information to transfer. In
other words, random traders only receive the information δIi from external sources, but do not
exchange any information with other agents. In terms of dynamics, we simply set α = 0 for
random traders in Eq.2. This means that, even if random traders can invest exactly in the same
way as the other agents when they overcome their information threshold, they do not take part
in the herding process, therefore they are not involved in any financial quake.
Remarkably, as visible in both the panels of Fig.8, the consequences of the introduction of
even a small percentage (5% or 10%) of these random traders are that the size of the financial
quakes is immediately reduced and the corresponding probability distributions tend to become
exponential, as also confirmed by the fits (dot-dashed lines). In particular, in both the cases the
maximum size of the herding avalanches reduces from about 25% of the entire network, obtained
with RSI traders only, to less than 3% , with 10% of random traders.
4.2. FQ model on a Scale-Free network
We have seen, therefore, that a relatively small number of random investors distributed uniformly
at random in our network is able to suppress dangerous herding-related avalanches, thus leading
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Figure 9. An example of scale-free network with N = 400 nodes, the great majority of whom are RSI traders and only 8
are random traders (here indicated as Banks), coinciding with the main hubs of the network (i.e. nodes with more than a
given number of links - in this example more than 25). In our simulations we adopt a similar network but with N = 1600
nodes. See text for further details.
the system out of the critical-like state. This happens in the context of a trading community
where agents are distributed over a regular 2D lattice with small-world topology. But, in such
a network, all the agents are equivalent, i.e. they all have, more or less, the same number of
neighbors (four, on average). It is interesting to investigate what would happen if the percentage
of random traders is decreased further, but if, at the same time, their importance, in terms of
connectivity within the network, is increased.
In this section we try to answer this question, by adopting another kind of network with a
different topology. In particular, we choose an undirected scale-free (SF) network, i.e. an example
of a network displaying a power-law distribution p(k) ∼ k−γ in the node degree k. By using the
preferential attachment growing procedure introduced in [91], we start from m + 1 all to all
connected nodes and at each time step we add a new node with m links. These m links point to
old nodes with probability pi =
ki∑
j kj
, where ki is the degree of the node i. This procedure allows
a selection of the γ exponent of the power law scaling in the degree distribution with γ = 3 in
the thermodynamic limit (N −→∞).
In Fig.9 we report a useful visualization of a SF network, where all the nodes (traders) are put
on a circle except the hubs, i.e. the mostly connected nodes, which are put out of the circle and,
in a financial context, could represent banks or great investors. In our simulations we adopt
a SF network with N = 1600 traders and we consider two possibilities: (i) only technical RSI
traders and (ii) a majority of technical RSI traders plus a small number NH of random traders
represented by the main hubs of the network (e.g. all the nodes with k > 50). The question, now,
is: will these NH hyper-connected random traders be able, alone, to reduce the size of financial
quakes?
First of all, we should check if the dynamics of our financial quakes model on a scale-free network
with only RSI traders is still able to reach a SOC-like critical state, as for the small world 2D
lattice. We find that this system does show power law distributed avalanches of investments,
providing that the parameter α in Eq.2 is slightly increased with respect to the value adopted
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Figure 10. Distributions of the absolute values of the size of herding avalanches occurring in the scale-free (SF) community
of N = 1600 investors, with and without random traders, for both the FTSE MIB index (top panel) and the S&P 500 index
(bottom panel). Each curve has been cumulated over 10 different runs. In the absence of random traders, i.e. with RSI
traders only (gray circles), the distributions follow a well defined power law behavior. The introduction of just a few number
of random traders (about 8 over 1600), corresponding with the hyper-connected nodes of the network (i.e. with k > 50),
it is enough to dampen the avalanches reducing their maximum size to less than 40% (black circles). See text for further
details.
in the previous section. In particular, we use here α = 0.95. Then, we perform two sets of
simulations, with 10 different runs each, either in absence or in presence of the NH hyper-
connected random traders.
In Fig.10 we show the corresponding results cumulated over 10 runs for both the FTSE MIB
(top panel) and the S&P 500 (lower panel) series, analogous to those presented in Fig.8. Power
law distributions with exponents −1.71 and −1.74 emerge respectively for the two time series
considered, when only RSI traders are considered, indicating a SOC-like behavior as seen in the
previous section for a SW topology. It is evident that, in both the cases, the presence of just
(on average) NH = 8 hubs investing at random is enough to alter the power law distributions,
damping the herding-related positive feedbacks and reducing the avalanches’ size to less than
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40% of their original value (we check that such a reduction disappears if the random traders are
no more the hubs of the SF network but 8 randomly chosen nodes). More precisely, comparing
these results with the analogous ones presented for the small-world network, we find that here,
with about 8 hyper-connected random traders, we yield the same damping effect obtained in
the previous case with 2% of equivalent (in terms of connectivity) random traders uniformly
distributed on the 2D lattice. Since 2% of 1600 corresponds to 32 traders, we can conclude that,
compared to a small-world configuration of the network, with the scale-free topology a fewer
number of random investors (provided that they are the mostly connected agents) are needed
in order to dampen bubbles and crushes. This evidence could suggest some policy implication,
later addressed in the conclusions.
4.3. Capital gains and losses in the FQ model
It is particularly interesting, at this point, to focus on the personal gains or losses that the
interacting agents experience during the whole trading period considered.
In the simulations presented in section 4, the three traders always invested in the market the
same amount of a virtual capital, i.e. one credit unit, starting from an initially null wealth (in
the following we use the term ”capital” and ”wealth” as synonymous). Therefore, the deviation
of their final average percentage of wins from 50% could represent by itself a measure of their
final, positive or negative, capital. In that section we showed that, from the micro perspective of
a single, isolated investor, the adoption of a random trading strategy could be as much profitable
as the technical ones but, at the same time, also much less risky. We see, now, how the interaction
among traders, realized through different network topologies, affects those results from the point
of view of the wealth distribution.
In order to make the mechanism of investment more realistic, we refine the FQ dynamics in the
following way. We assign at the beginning of each simulation exactly the same initial capital C
of 1000 credits to all the traders, then we let them invest in the market (when established by
the dynamical rules) according to the following prescriptions:
- the first bet of each agent does not modify her capital;
- if an agent wins thanks to a given bet (for example after being involved in a given, big or
small, positive financial quake), in the next investment he will bet a quantity δC of money equal
to one half of her total capital C at that moment, i.e. δC = 0.5C;
- if an agent loses due to an unsuccessful investment (for example after a negative financial
quake), the next time he will invest only ten percent of her total capital at that moment, i.e.
δC = 0.1C.
Due to these rules, after every financial quake, the capital of all the active agents involved in
the herding-related avalanche will increase or decrease by the quantity δC. On the other hand,
the wealth of random traders, who do not take part in avalanches, can change only when they
overcome their information threshold due to the external information sources.
Let us consider, first, the small-world 2D lattice topology. In Fig.11 we show a single-event time
evolution of the capital distribution P (C) of N = 1600 RSI traders, investing in the S&P 500
market. It is clearly visible that, even if they start all with the same initial capital of 1000 cred-
its, many of them quickly lose most of their money while, on the other hand, a small group of
lucky agents largely increases the capital until, at the end of the simulation, the resulting capital
distribution is a Pareto-like power law, with exponent −1.3. We verified that this distribution
is very sensitive to the herding mechanism among RSI traders: in fact, reducing the informative
flow among them, i.e. decreasing the value of α in Eq.2 from 0.84 to 0.40 and then to 0.00,
the system tends to exit from the critical-like state, avalanches are drastically reduced and final
capital inequalities disappear (as visible in Fig.12).
Cumulating data over 10 different simulations, with the same initial condition about capital,
and introducing a 10% of random traders among the RSI ones, we focus now on the final capital
distribution and obtain the results presented in the two panels of Fig.13, for both the FTSE
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Figure 11. Time evolution (from top to bottom) of the distribution of the individual capital of a small-world 2D lattice
of RSI traders investing on the S&P 500 stock market. Starting from the same initial capital of 1000 credits each, most of
the traders quickly lose money, while a small minority of them considerably increases its capital until, at the end of the
simulation, the global wealth distribution becomes a Pareto-like power law. See text for further details.
Figure 12. The same time evolution as in the previous figure, but for two decreasing values of the parameter α, which
controls the dissipation of the informative flow in the FQ dinamycs. In particular, we set α = 0.40 (left panel) and α = 0.00
(right panel). As visible, in both cases the Pareto-like power law distribution of capital observed for α = 0.84 disappears.
See text for further details.
MIB and the S&P 500 time series.
In the top panel, corresponding to the FTSE MIB series, the final global capital distribution
shows again a Pareto-like power law behavior, with exponent −2.4, but the partial distribution
of the random traders only is completely different, staying almost constant (apart from the fluc-
tuations) or, more precisely, decreasing linearly with an angular coefficient equal to 0.023 [92].
Looking at the details of the simulation, we discover something interesting: while, globally, 80%
of traders have, in the end, a lower capital with respect to the initial one of 1000 credits, the
same holds for only 59% of random traders. Moreover, the average final capital of all the traders
is of 818 credits, against a higher average capital of random traders only, equal to 950 credits.
This means that, on average, random trading seems more profitable with respect to the RSI
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Figure 13. Capital/wealth distribution for a small-world 2D lattice with a 10% of random traders over a total of N = 1600
RSI traders, calculated at the end of the simulation and cumulated over 10 different realizations. Both the FTSE MIB (top
panel) and the S&P 500 (bottom panel) time series are considered. While the global capital distribution of all the traders
is, in both cases, a Pareto-like power law with exponent −2.4 (squares), the capital distribution of the random traders only
(circles), though fluctuating, stays almost constant. Details of the distributions are also reported in the figure. See text for
further details.
one. On the other hand, the final range of capital is very different in the two cases: for all the
traders, the final capital goes from a minimum of 9 credits to a maximum of 57665, while, for
random traders only, it goes from 360 to 2250 credits. In other words, as expected, the random
trading strategy seems also much less risky than the technical one: actually, while it is true that
the RSI strategy allows a very large gain for a very small number of lucky traders (only 0.6%
of the total ends with more than 10000 credits), it also yields substantial losses for the majority
of agents; on the contrary, while the best random traders can gain much less than the best RSI
ones, the less lucky of them can also lose little (on average, about 48% of the RSI traders lose
more than the worst random one).
Similar results are shown in the bottom panel for the S&P 500 time series. A Pareto-like power
law with exponent −2.4 has been found, again, for the final capital distribution of all the traders,
while a fluctuating linear behavior (with the same very small negative slope as before) character-
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Figure 14. Capital/wealth distribution for a scale-free network with, in average, 8 hyper-connected random traders over
a total of N = 1600 RSI traders, calculated at the end of the simulation and cumulated over 10 different realizations. Both
the FTSE MIB (top panel) and the S&P 500 (bottom panel) time series are considered. The global capital distribution of
all the traders is, in both the cases, a Pareto-like power law with exponent −2.4 (squares). The distribution of the random
traders does not appear given their small number. Details of the distributions are also reported in the figure. See text for
further details.
izes the capital distribution of random traders only. Details on the distributions are the following:
86% of all the traders have, at the end of the simulations, less than the initial capital, with an
average capital of 672 credits, a minimum of 2 and a maximum of 129746; for the random traders
only, 78% of them have at the end less than 1000 credits, with an average capital of 930, a min-
imum of 176 and a maximum of 3375. Again, random trading seems to be much less risky and,
on average, more profitable than the technical strategies, even if a small number of very lucky
RSI agents can become really very rich (in this case more than before, even if, again, only about
0.6% of the traders ends with more than 10000 credits; on the other hand, about 46% of RSI
traders lose more than the worst random one).
Finally, let us consider the scale-free network topology, introduced in the previous section. The
initial conditions for the capital distribution are always the same, 1000 credits for all the agents,
but now we have only a very small number NH of hyper-connected random traders (hubs) dis-
tributed among the RSI ones. In our SF networks with N = 1600 nodes, the average number of
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hubs with more than 50 neighbors is 8, therefore we have on average 0.5% of random traders,
but representing very important investors, who occupy a privileged position in the trading com-
munity. In this case, the results for the final wealth distribution are shown in Fig.14 and are
analogous to those shown in the previous figure for the SW lattice. In fact, the final capital
distribution of all the traders, cumulated for 10 runs, is again a power law with exponent −2.4
for both the FTSE MIB (top panel) and the S&P 500 (bottom panel) time series. The final
distribution for random traders only is not plotted since it is statistically not significant due to
their small number, but we report details for both the distributions.
Actually, we see that, for the FTSE MIB series, the 87% of all the traders have, at the end, less
than their initial capital, with an average of 714 credits, a minimum of 0 and a maximum of
214081. On the other hand, only 57% of the random traders have lost more than they gained,
with an average of 968 credits, a minimum of 360 and a maximum of 2250. Similarly, for the
S&P 500, 93% of all the traders end with less than they had at the beginning, with an average
capital of 505 credits, a minimum of 0 and a maximum of 260108, while, among the random
traders, 76% lose, with an average of 945 credits, a minimum of 176 and a maximum of 3375.
Summarizing, also for the scale-free network topology we find that the random strategy is, at
the end of the game, more profitable and less risky. In this case, a very small number of hubs
trading at random results not only able to reduce financial avalanches (bubbles and crashes),
but can also do this without great risks in terms of capital. On the other hand, if a small number
of technical traders can gain very much (only about 0.9% of all the RSI traders end with more
than 10000 credits for both the FTSE MIB and the S&P 500 series), the large majority of them,
about 70%, lose more than the worst random traders.
Comparing these results with the corresponding ones found for the small-world topology, where
all the traders had, on average, the same connectivity, we can conclude that the scale-free topol-
ogy, with an unequal (power law distributed) connectivity, amplifies the inequalities in the final
distribution of wealth: the richest traders in the SF network double the richest ones in the SW
network, while only in the SF network we find a not negligible percentage of particularly unlucky
traders - 4% for the FTSE MIB and even the 10% for the S&P 500 - that lose all their initial
capital.
5. Conclusive remarks and Policy Suggestions
We have reviewed some results from recent investigations about the positive role of random-
ness in socio-economic systems. The greatest attention has been given to the description of
consequences deriving from the adoption of random strategies in financial markets. From the
microeconomic perspective, it has been shown that, if investors chose a completely random ap-
proach to decide about their investments, instead of costly and arbitrary technical strategies,
they would end up, in average, with the same wealth, but they would incur in a much lower risk.
Further, from a macroeconomic point of view, we presented several results which show how that
the only existence of a few random investors in a 2D small-world lattice, representing a trading
community of interacting agents, reduces substantially the magnitude of financial avalanches.
After this, we pushed forward our analysis by showing how a different network structure does
not change our general findings and, more relevantly, how just a very small number of hyper-
connected investors (i.e. hubs in a scale-free network of traders) are required in order to obtain
a stabilizing effect and dampen financial bubbles and crashes. This result is particularly encour-
aging, since it reinforces our suggestion for a very specific policy: financial market stabilization
is possible if participants are told and convinced that they should not rely completely on the
signals they receive from other investors. If, for example, under the surveillance of a central
banker, a very small number of important investment banks chose to make their investments
randomly, other traders would immediately stop interpreting signals and would immediately
give up in their continuous seek for confirmation and credibility. Prophecies would no longer be
legitimate and followed, since everybody would know that the possibility of random investments
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do exist. This would immediately stabilize the market and fade out speculations. It remains
to be investigated the dynamics of artificial markets with feedback mechanisms, a natural step
towards a self-regulating, participatory market society [93].
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